Abstract. This paper presents a machine vision method to inspect the maturity of pineapples that ripe naturally. Unlike previous methods, the proposed technique can be categorized as a real-time non destructive testing (Real-Time NDT) approach. It consists of two phases, learning and recognition phases. In the learning phase, the system constructs a library of reference pineappleskin-color models. In the recognition phase, the same process is performed to build a pineappleskin-color model of the testing subject. The model is then compared with each of the reference in the library by a method called region-segmented histogram intersection. The subject is then labeled with the grade of the best match. The system achieved a high performance and speed (3 frames/sec.) in our experiment. The system also includes weighing machine on belt transmission for weight prediction.
Introduction
Thailand is the world's largest producer of pineapples and canned pineapples take the biggest stake of over 90% of the production. In the production process of canned pineapples, "Pattavia" variety is generally used as raw material. Its maturity grading is currently performed by human operators before being fed into the production line. This requires a great deal of labors; moreover, consistency is still questionable. This paper, therefore, proposes an automatic testing method to inspect the maturity of naturally ripe pineapples by a real-time non-destructive testing (NDT) technique. The work is, however, limited to summer-crop Pattavia pineapples since winter-crop Pattavia pineapples have different maturity characteristics and require special equipment and further investigation.
Previous Works
The maturity of naturally ripe pineapple was studied by a number of researchers. Various techniques [1] [2] [3] [4] [5] have been utilized; however, most of them are destructive and/or time consuming. From our extensive reviews on maturity grading of pineapple, none has been done for real-time nondestructive grading of the fruit. Since, maturity level of summer-crop Pattavia pineapple can be identified by its skin color, machine vision method is selected as the main grading module in our work. Dynamic weighing is also included in this work to meet the requirement of weight grading.
In Thailand, skin color of the pineapples has been used as the main feature in grading levels of maturity in the pineapple-canning industry. Fig. 1 shows the skin colors of eight different levels of maturity. It can be seen that the color changes from green to orange, and from stump to top with increasing levels of maturity. Grades of pineapples used in the industry can be divided into seven groups. The levels 1 and 2 are grouped together into grade 1. The levels 3 to 8 are assigned to grades 2 to 7 accordingly. In our work, the skin color is selected as the main feature of our machine vision method for grading the pineapples. 
System Overview
The system consists of two inspection subsystems, dynamic weighing and machine vision modules as shown in Fig. 2 . The weighing module is used for weight measurement and trigger generation. The trigger is used to activate the machine vision module to start capturing and processing the captured image. Camera and light source were installed in an illumination-controlled chamber. Low-angle daylight-temperature beam (RL5-W5020, Superbrightleds Inc., USA) was used to control direction of light beam that highlights surface texture while reduces specularity from the skin surface of the pineapple. The image acquisition system consists of a low-cost surveillance color camera (FK-578, SGD. Co.,Ltd., Thailand) and a frame grabber (FALCONquattro, IDS Imaging Development Systems GmbH, Germany) which can capture images of size 352x288 pixels.
The machine vision system consists of two phases, learning and recognition. In the learning phase, we start by building a library of reference pineapple-skin-color models. By conforming to the practice used in the pineapple-canning industry, seven models of maturity, one for each grade, are constructed. A number of pre-graded pineapples with different levels of maturity are used as references in this process. In the recognition phase, a pineapple-skin-color model of the unlabelled pineapple is built and compared with each reference model in the library. The unlabeled pineapple is classified to the grade that gives the best match between its model and that of the unlabeled.
Pineapple-Skin-Color Model
Each pineapple-skin-color model consists of seven color histograms. The method used to build the pineapple-skin-color model can be divided into two parts, finding and segmenting the body of pineapple and constructing a color histogram for each segmented region.
Finding and Segmenting Body of Pineapple. This part deals with identifying and segmenting the body of pineapple. Fig. 3 outlines the steps needed to achieve the goal. In the diagram, each image of pineapple is passed into a background subtraction to separate pixels containing the pineapple from the background. Since the result of the background subtraction still contains miss detections, a region consolidation method is performed to deal with the problem. The body of the pineapple is then identified by a pineapple body extraction module. Ellipse-division algorithm is then used to segment the body of pineapple into smaller portions and a pineapple-skin color model is constructed. Details of each step are described in the sequel. Background Subtraction and Region Consolidation. Background subtraction [6] is a simple process for extracting areas of interest from background. It is performed by comparing an image of interest with a reference image. The reference image is essentially an image of the background without objects. The result of this process is a binary image representing the silhouette of the object. In our work, the captured image of pineapple on a transmission belt is compared with a precaptured reference image of the transmission belt. A sum squared error (SSE) of each pixel in the difference image is calculated and compared to a threshold value. The pixel with the SSE greater than the threshold is labeled as a pixel from the fruit. Since the picture is taken under an illumination-controlled chamber, shadows and inter-reflections are easily compensated. However, some pixels within the image of pineapple are still misclassified due to the coincidence of colors of the pixels and their backgrounds. This inherent problem of the method is handled by a region consolidation technique. The technique begins by finding background regions at the edge of the binary image then selecting the biggest regions that is not the obtained background regions.
An example of the result from this process is shown in Fig. 4 . In this figure, a silhouette of the pineapple is obtained from the process. It can be seen that most of the pixels within the pineapple are detected while some having similar colors to the background can not be detected. The region consolidation technique can find the pineapple region without small noise regions. The result will be refered to as a binary image, B in the sequel. Pineapple Body Extraction. The result from previous steps contains not only the body of the pineapple but also its stump and leaves. It is therefore desired to extract only the body of the pineapple. This can be done by assuming that the body of pineapple is an ellipsoid and its projection onto the image plane results in an ellipse. In our method, we start by applying principal component analysis (PCA) to the data obtained from the previous steps for initial estimation and utilizing an area-based elliptical fitting algorithm for further refinement.
Principal Component Analysis. PCA is a simple method for estimating ellipse parameters. The method begins by calculating a mean vector and a covariance matrix of all coordinates of the detected pixels. An eigenvalue decomposition (EVD) is then performed on the covariance matrix resulting in eigenvalues (D) and corresponding eigenvectors. Five ellipse parameters, namely coordinate of its center (c x , c y ), major and minor axis lengths l m , l n and rotation angleθ can be computed from the mean vector, eigenvalues and eigenvectors. Details of the calculation can be found in [7] . Since all the detected pixels from previous steps are used including those from stump and leaves, the parameter values obtained from the method are not optimal and may not adequately represent the image of the pineapple body. To find the best ellipse that fits the detected region, an area-based elliptical fitting algorithm is employed.
Area-Based Elliptical Fitting Algorithm. Our area-based elliptical fitting algorithm is based on a local search to maximize an effective area between the binary image B and an ellipse generated by varying its parameters. The effective area is defined mathematically by
where ) (⋅ n is the number of members in an unrepeated set. E is the set of all pixels inside the generated ellipse that can be defined as [7] 1188 Advanced Nondestructive Evaluation I
where x is the center vector of the pineapple and A is a positive definite matrix.
Similarly, the five ellipse parameters can also be calculated in the same way as done by the PCA. The optimization algorithm used in this work is the Nelder-Mead method [8, 9] . It is an iterative multivariate optimization algorithm to find a minimum of a non-linear objective function. Since the algorithm has an innate problem of falling into local minima of the function landscape, a good initial value of the parameter is required. In this work, the parameters are initialized by the PCA.
Although the area-based elliptical fitting gives excellent results in most cases, it provides inherently incorrect rotation angles for some fruits with nearly-spherical body shape. One solution to the problem is to fuse information obtained from the PCA with that from the area-based elliptical fitting. This is because PCA incorporate data from stump and leaves in its computation; therefore, it is more reliable in such cases. Pineapple image with nearly-spherical body shape can be identified by calculating its condition number S approaching 1. The angle parameters from PCA ( PCA Since the obtained ellipse can only provide an estimate of the pineapple body, the exact position of the start and the end of pineapple body is still needed. We therefore construct a vertical projection of the image onto its major axis and apply a unimodal thresholding algorithm [10] to cut out the stump and leaves. Fig. 5 shows the results from the pineapple body extraction process.
Constructing a Pineapple-Skin-Color Model. The image of the pineapple is then undergone further processing by dividing the body into seven segments of equal length as illustrated in Fig. 6 . Each segment is used to construct a color histogram. A normalized color histogram is built for each segment of the pineapple. It is a three-dimensional histogram representing the segment in RGB color space. From our experiments, 16 equal-size bins for each color component which constitutes a histogram with 1096 bins per segment give optimal results. 
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Region-Segmented Histogram Intersection. After the pineapple-skin-color models are built, a method of comparing any pair of the models namely region-segmented histogram intersection is applied. It is fundamentally the sum of histogram intersections [11] between the corresponding segments of the model pair.
The histogram intersection of the histograms in segment Y of models R and S is , , 
This leads to a score ranging from 0 to 7 with increasing similarity. Since the process proposed for finding the body of the pineapple cannot differentiate the top and the bottom of the pineapple, there are cases where the comparison is made in a reverse order of the segments. This problem can be resolved by performing the comparison in both direct and reverse orders and selecting the best score.
Weighing Machine System
Our weighing machine consists of a load cell installed under a belt transmission. An analog-todigital converter (ADC) with a sampling rate of 500 Hz coupled with an anti-aliassing filter is used to acquire the signal from the load cell. When the transmission is operating, the output from the load cell contains not only signal from weight of the fruit but also noise. From our analysis, the noise has two main components, one at 11 Hz (from belt shudder) and the other at 50 Hz (from power line.) A digital Butterworth second-order low-pass filter with a center frequency at 4 Hz is introduced to eliminate the noise then a simple peak-detection algorithm is applied to compute the weight.
Experimental Result
In our experiment, 175 pre-graded pineapples were separated into two groups, namely training and test sets. In the learning phase, five pineapples per grade were used to build each averaged reference model. This is to reduce variations due to a single sample. In the recognition phase, 105 pineapples were used as the subjects in the experiment. The system achieves an overall recognition rate of 96.19% with a confusion matrix [12] shown in Table 1 . It can be seen from the table that miss classifications only occur in nearby classes and cause a negligible effect on the production line. The system has an overall throughput of approximately 1 fruit per second with an averaged processing time of 0.38 second per fruit for the machine vision module. The weighing machine has a standard error of 0.096 kg. 
Conclusions and Discussion
We have presented a nondestructive testing method to determine maturity levels of pineapples using a real-time machine vision system. The system consists of two phases, learning and recognition phases. In the learning phase, the system constructs a library of seven pineapple-skin-color models of different grades of pineapples. These models are used as reference models in the recognition phase. In the recognition phase, the same process is performed to build a pineapple-skin-color model of the testing subject. The model is then compared with each of the reference in the library by a method called region-segmented histogram intersection. The subject is then labeled with the grade of the best match. The system achieved a performance of 96.19% with an overall throughput of approximately 1 fruit per second. However, some errors were presented in the test which may be caused by unclear skin colors on the fruit. Its efficiency can be improved by redesigning the transmission mechanics.
